Electronic health records (EHR) data are increasingly seen as a resource for cost-effective comparative effectiveness research (CER). Since EHR data are collected primarily for clinical and/or billing purposes, their use for CER requires consideration of numerous methodologic challenges including the potential for confounding bias, due to a lack of randomization, and for selection bias, due to missing data. In contrast to the recent literature on confounding bias in EHR-based CER, virtually no attention has been paid to selection bias possibly due to the belief that standard methods for missing data can be readily-applied. Such methods, however, hinge on an overly simplistic view of the available/missing EHR data, so that their application in the EHR setting will often fail to completely control selection bias. Motivated by challenges we face in an ongoing EHR-based comparative effectiveness study of choice of antidepressant treatment and long-term weight change, we propose a new general framework for selection bias in EHR-based CER. Crucially, the framework provides structure within which researchers can consider the complex interplay between numerous decisions, made by patients and health care providers, which give rise to health-related information being recorded in the EHR system, as well as the wide variability across EHR systems themselves. This, in turn, provides structure within which: (i) the transparency of assumptions regarding missing data can be enhanced, (ii) factors relevant to each decision can be elicited, and (iii) statistical methods can be better aligned with the complexity of the data.
Introduction
Electronic health records (EHR) are playing an increasingly prominent role in comparative effectiveness research (CER) with key benefits including that they often contain rich information on large populations over long time frames, are relatively inexpensive to obtain, and can be updated in near real time. [1] [2] [3] [4] Recognizing these, the Institute of Medicine recently released called for increased use of EHR data for research. 5 Notwithstanding their huge potential, however, since EHRs are typically developed for billing and/or clinical purposes, and not with any specific research agenda in mind, researchers must ask whether or not the available EHR data is "research quality." [6] [7] [8] This includes consideration of whether all covariates relevant to the research goals are routinely collected in clinical care, whether covariates that are collected are done so consistently across patients and time, and, whether the available data is accurate and error free. Without consideration of these issues, naïve analyses may be subject to numerous biases, the most commonly cited form being confounding bias. 9 Another important type of bias is selection bias, which arises when some patients identified as being eligible for inclusion in the study are found to have insufficient data to be included in the analyses. 10 Some patients may, for example, have missing baseline treatment, missing clinical information, missing laboratory measurements during follow-up, or have disenrolled from the health plan prior to the end of planned follow-up. Unfortunately, in contrast to confounding bias, [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] the control of selection bias in EHR-based settings has received virtually no attention in the literature. This may be due, in part, to the notion that selection bias can be cast as a missing data problem and that statistical methods for missing data are well established 22, 23 and can be readily applied to EHR-based CER. 24 Regardless of the specific method used, a critical step in any analysis involving missing data is the consideration of whether the data are missing completely at random (MCAR), missing at random (MAR), or missing not at random (MNAR). In the context of an EHR-based study, this corresponds to addressing the question of why some patients have complete data and others do not. In practice, this is typically operationalized by first conceiving of a socalled missingness mechanism that drives whether or not a patient has complete data, and secondly by determining which factors influence it. This approach may be reasonable in many settings, especially those in which the data collection scheme and design are under the control of the research team.
Adopting this approach in the EHR setting, however, likely corresponds to an unrealistically simple view of the missing data. In particular, restricting one's focus to a single mechanism for missingness masks the complex interplay of the numerous decisions made by patients, health care providers, and health systems that, collectively, give rise to the observed data. Naïvely moving forward with this standard approach, therefore, will likely result in a failure to completely control selection bias.
To resolve this challenge, we propose a new, general framework for consideration of selection bias in the complex setting of EHR-based CER. Central to the proposed framework is a shift away from asking "what data are missing and why?" to asking instead "what data are observed and why?". As we will elaborate upon, this shift provides researchers with a natural and intuitive approach to determining and understanding the sequence of decisions that must be made in order for a measurement to be recorded in the EHR and, ultimately, ensuring as thorough a control for selection bias as possible.
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Antidepressants and Weight Change
The proposed framework is motivated by challenges we currently face in an ongoing comparative effectiveness study of antidepressant treatment and long-term weight change. Here we briefly describe the study, as well as the potential for selection bias.
Study Setting
The study is being conducted at Group Health, an integrated insurance and health care delivery system in Washington State. As part of its clinical systems, Group Health maintains numerous electronic databases including an EHR based on EpicCare (Epic Systems Corporation of Madison, WI), and a pharmacy database that has recorded all prescriptions dispensed at Group Health-owned pharmacies since 1977. Additionally, electronic databases track demographic information; inpatient treatment and outpatient encounter claims; insurance and enrollment status; and primary care visit appointments.
Study Population
To investigate the relationship between antidepressant choice and weight change, we identified all adults ages 18-65 years with a new episode of treatment for depression between January 2006 and November 2007. New treatment episodes were identified on the basis of a dispensing for an antidepressant medication without the occurrence of any treatment (including psychotherapy) in the prior nine months; thus, only subjects with at least nine months of continuous enrollment prior to the index date were included. Applying these criteria, we identified 9,704 patients in the Group Health EHR.
Primary Outcome
While previous studies indicate that certain antidepressants may reduce body weight (e.g., fluoxetine and bupropion) and others may increase body weight (e.g., paroxetine and mirtazapine), the existing literature is limited in that it focuses on short-term outcomes of 12 months or less. [25] [26] [27] [28] [29] Given the lack of evidence regarding long-term outcomes we took weight change at 24 months posttreatment initiation to be the primary outcome.
Weight Information in the Electronic Health Record (EHR)
For each of the 9,704 patients identified by the inclusion-and exclusion criteria, we extracted all records of an outpatient visit for the interval starting 24 months prior to the start of the treatment episode through November 2009. This resulted in 354,945 records from which information-on weight; potential confounders; and auxiliary variables such as age, gender, smoking history, and comorbid conditions-was extracted. Focusing on weight, despite a patient's underlying trajectory following some smooth path over time, the EHR provides only a series of "snapshots" of a patient's weight post-treatment initiation. To illustrate this, Figure  1 provides a graphical summary of the available weight-related information for 12 select patients during the interval starting 180 days prior to the start of the treatment episode and ending at the 24-month marks. Across the panels, gray lines indicate times when the patient had an encounter with the clinical system, the blue dots indicate that a weight measurement was recorded, and the black lines indicate that a patient disenrolled from Group Health.
From the first row of Figure 1 , we see that some patients have rich weight-related information in the EHR with numerous encounters with the health system over the 24 month follow-up interval, as well as numerous weight measurements. In contrast, the eight patients in the second and third rows of Figure  1 have relatively sparse weight-related information, with substantial variation in the number of clinical encounters and weight measurements.
The Potential for Selection Bias
With respect to the primary outcome of weight change at 24 months, the "ideal" data scenario would be that complete weight information is available in the EHR at baseline and at 24 months post-treatment initiation for all 9,704 patients identified by the inclusion-and exclusion criteria.
To simplify the illustration of potential selection bias we focus on 8,631 patients (88.9 percent) with complete weight information at treatment initiation based on a ±30 day window. Among these patients, only 2,408 (27.9 percent) patients have a valid weight measurement recorded in the EHR at 24 months, (again based on a ±30 day window). Given this significant missingness, and notwithstanding missingness in other important covariates such as confounders, there is clear potential for selection bias. Specifically, naïve analyses based solely on the 2,408 patients with complete data will be biased if they are not representative of the population defined by the inclusion/exclusion criteria.
Cast as a missing data problem, the standard approach to selection bias first conceives of a missingness mechanism that drives whether or not a patient has complete data. 10 Figure 2(a) provides a graphical representation, with S=0/1 indicating that a patient has incomplete-or complete-weight information at 24 months. Intuitively, this mechanism can be thought of as corresponding to a particular decision, made by the study participant, such as the decision to drop out from the study. Toward investigating the potential for selection bias and its impact, one could explore determinants of this (binary) decision via logistic regression analyses. Focusing on the 8,631 patients with complete data at baseline, the first three columns of Table 1 indicate that female patients have significantly higher estimated odds of complete weight information at 24 months, as do older patients. Furthermore, whether a patient has complete data at 24 months also depends, in part, on the choice of treatment; and patients with a higher baseline weight are estimated to have higher odds of complete dataodds ratio (OR) 1.05 for a 20-lb. increase in weight; 95 percent confidence interval (CI): (1.03, 1.07).
A General Framework
Overall, the preliminary evidence presented so far strongly suggests that a naïve (unadjusted) analysis of the relationship between treatment choice and 24-month weight change will suffer from selection bias. To resolve this one could use multiple imputation, 30, 31 inverse-probability weighting, 32 or both. 33 The validity of each of these approaches, however, hinges on the appropriateness of the single mechanism and decision strategy as an approach to evaluating assumptions and performing necessary adjustments. In the clinical contexts that EHRs represent, however, a single mechanism is unlikely to fully characterize the complex set of decisionsmade by the patient, their health care provider, and the health care system-that give rise to complete data in the EHR. As such, use of a single mechanism, as illustrated in Figure 2 (a), will be unrealistically simple. To resolve this we propose a new framework for addressing selection bias in EHR-based CER, one that acknowledges and integrates the complex set of decisions that give rise to complete data. In the following we provide a detailed discussion of each aspect of the framework; Figure 3 provides an overview of the framework in the form of a process flow.
Consideration of the "Ideal" Study
Central to the proposed framework are two key principles. The first is that researchers initially specify the structure of the data that would have been collected had they had the opportunity to conduct an "ideal" study. 34, 35 This specification will depend primarily on the scientific goals of the study, which will, in turn, determine which specific covariates are needed as well as their timing. In the antidepressants study, given the primary interest in weight change at 24 months, such a data structure would at a minimum include weight at baseline and at 24 months. If the primary interest lay with understanding a patient's trajectory over the first 24 months following treatment initiation, the ideal data structure would additionally include intermediary weight measurements, the timing of which would depend on the desired level of granularity. Beyond outcome information, the data structure for the ideal study would also include covariates necessary for the implementation of inclusion/exclusion criteria, covariates relevant to characterizing treatment choice, and potential confounders and effect modifiers. Practically, specification of this structure could be approached much in the same way that researchers approach detailing data collection strategies in grant proposals.
Consideration of Data Provenance
Given an ideal data structure, the second key principle is that researchers frame the task of controlling selection bias with the question "what data are observed and why." Crucially, in doing so researchers can readily breakdown the complex process that governs whether or not a patient has complete data, referred to as the "provenance" of the data, 36 into a series of more manageable components or sub-mechanisms. Toward this, given the wide variation in study questions addressed in CER, as well as the heterogeneity in EHR systems, one cannot, unfortunately, be prescriptive in this task; no single set of sub-mechanisms will be appropriate or sufficient for all studies. Nevertheless, Table 2 provides a list of sub-mechanisms that researchers could consider, each of which is accompanied by one or more contextual questions that could be used to determine its relevance for a particular study. Prior to describing them, we emphasize that each submechanism could be considered for any given data element identified as being relevant for the ideal study (i.e., the outcome, treatment, and confounders, possibly measured at different time points). The first sub-mechanism in Table 2 The third sub-mechanism in Table 2 considers the timing and nature of the clinical encounter. Clearly, for a measurement to be recorded in the EHR at a particular time point, an encounter must have been initiated. As highlighted in Figure 1 there can be substantial variation in the timing and intensity of encounters across patients. There can also be substantial variation in the type of encounter, with patients interacting with their health care providers via a primary care or specialty care visit, an inpatient or outpatient visit, or an urgent care or routine care visit. Furthermore, patients increasingly have the option to interact with their providers virtually, via telephone encounters or secure messaging systems. Since measurements of interest, such as weight in the antidepressants study, may not be collected during all encounter types-either at all or routinely, it would be important to identify (1) the types of care options that patients have, and (2) which types are captured in the EHR.
The fourth sub-mechanism speaks to the actual measurement and recording of information. From The right-hand panel shows estimates of the cumulative probability of being disenrolled and being either disenrolled or censored. The left-hand gap in enrollment. Figure 1 it is clear that measurements may not be taken during all encounters. Critical to this submechanism is that whether or not a measurement is taken may be dictated by decisions made by the patient, health care provider, and health system. For example, a patient may decide not to be weighed, or a physician may decide there is insufficient time to weigh the patient or may decide not to record a measurement in the light of extenuating circumstances (e.g., blood glucose may not be measured if the patient is known not to have fasted).
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Finally, structural features of the EHR and the broader health system may result in information being less likely to be recorded. Even if the EHR system routinely collects clinical information, changing practice standards or an evolving internal structure of the EHR may result in differential completeness of some data elements over time.
One ubiquitous example of this is the International Classification of Disease (ICD) coding system developed by the World Health Organization (WHO). First published in 1946, the current revision, ICD-10, came into use in 1994. In 2017 the WHO is planning on releasing the eleventh revision, which will be based on an updated standardized structure for disease definitions.
Application to the Antidepressants Study
To illustrate the proposed framework we return to the antidepressants study. As outlined above, the initial task in applying the framework is to specify the scientific question of interest and the corresponding ideal study and data structure. Since the primary analyses for the antidepressants study are ongoing, we focus on a simple question of whether choice of antidepressant medication at treatment initiation is associated with weight change at 24 months. That is, we focus on a question based on the intent-totreat principle, which ignores changes in treatment choice postinitiation. This question is, arguably, most relevant to the clinical decision at the time of treatment initiation since one cannot know whether and how a patient will change treatment in the future. With this in mind, key variables that would be collected in an ideal study design would include the following: initial treatment choice; baseline; 24-month weight; and potential confounders such as gender, age, and comorbid conditions.
Given this list of variables, the next step is to consider the extent of missing data and its nature. In principle, any and all variables with missing values should be considered in this way; here, for simplicity, we focus on missingness in the 24-month weight measurement. Furthermore, we focus on three specific sub-mechanisms: (1) whether the patient was actively enrolled in Group Health, (2) whether they initiated an encounter with the health system at 24 months, and (3) whether their weight was measured during the encounter and recorded in EHR. Figure 2 (b) provides a flow-type diagram to help visualize these sub-mechanisms and their interaction with each other.
Sub-mechanism 1: Active Enrollment Status at 24 Months
Returning to Figure 1 , 3 of the 12 patients can be seen to have disenrolled from Group Health prior to the 24-month mark. Analogous to a dropout in a typical research setting, if a patient disenrolls, the EHR cannot be expected to have a weight measurement recorded. In practice, there are many reasons why an individual might disenroll from their health plan including cost increases, changes in employment status or employer coverage options, reaching eligibility for Medicare, and dissatisfaction with their coverage or provider access.
Among the 8,631 patients with complete weight data at baseline, 2,061 (23.9 percent) disenrolled at some point during the first 24 months following treatment initiation (Figure 4) . From the second set of columns in Table 1 , in contrast to the results for the single mechanism, gender does not appear to be associated with enrollment status at 24 months. Age, however, is positively associated with enrollment status, with older patients again estimated to have higher odds although the strength of the association is much greater (OR 1.41 for a 10-year increase in age; 95 percent CI: (1.36, 1.47)). With respect to treatment choice, the results are generally consistent with those based on single missingness mechanism although the strongest associations, specifically for serotonin antagonist and reuptake inhibitor (SARIs) and tricyclics, are somewhat attenuated. Finally, patients with higher baseline weight are estimated to have somewhat higher odds of active enrollment at 24 months (OR 1.02 for a 20-lb. increase in weight; 95 percent CI: (1.00, 1.04)), although the association is not statistically significant despite the sample size being the same as in the single missingness mechanism model.
Sub-mechanism 2: Initiation of an Encounter at 24 Months
Returning to Figure 1 , despite being actively enrolled, none of the last three patients in the third row had initiated a clinical encounter at or around the 24-month mark. Clearly, for a weight measurement to be recorded in the EHR, however, an encounter must have taken place. In practice, encounters are initiated either because standards of care within the health system dictate a schedule of patient-provider interactions or because the patient is seeking care for a new or ongoing medical problem.
Among the 6,570 patients actively enrolled at 24 months, 1,604 (24.4 percent) initiated at least one encounter in the 24-month ±7 days window; 2,485 patients (37.4 percent) initiated at least one encounter in the 24-month ±14 days window; and, 3,688 patients (56.1 percent) initiated at least one encounter in the 24-month ±30 days window. Focusing on the latter group, the third set of columns in Table 1 indicate that, in contrast to sub-mechanism 1, gender is strongly associated with initiation of an encounter: female patients are estimated to have 24 percent higher odds than males. Furthermore, while age is again significantly associated with initiation of an encounter, the magnitude of the association is substantially smaller than for sub-mechanism 1 (i.e., OR 1.10 compared to 1.41). As with sub-mechanism 1, treatment choice appears to be significantly associated with initiation of an encounter; the magnitudes of the associations for SARIs and tricyclics are stronger than they were for sub-mechanism 1, and buproprion appears to be marginally positively associated with an increased odds of initiating an encounter compared to fluoxetine (OR 1.14; 95 percent CI: (0.98, 1.34)).
Sub-mechanism 3: Measurement of Weight at 24 Months
Finally, even if a patient is enrolled at 24 months and initiates a clinical encounter, a weight measurement may nevertheless not have been recorded in the EHR. The first patients in the second and third rows of Figure 1 , for example, were enrolled and had a clinical encounter at 24 months, yet neither had a weight measurement recorded. In practice, although standards of care at Group Health indicate that weight should be measured during all primary care visits, it may be that these patients refused to be weighed or that their health care providers decided not to weigh them because of the specific focus of the visit (e.g., an acute illness) and because of timing considerations.
Among all 3,688 patients who initiated at least one encounter in the 24-month ±30 days window, 2,408 (65.3 percent) have at least one weight measurement recorded in the EHR during the same window. From Table 1 , we find that neither gender nor age is associated with a patient having at least 
Discussion
As researchers make use of EHR data for CER, the unique challenges posed by the complexity and heterogeneity of the observed data are well recognized. Since standard methods (i.e., those developed outside the EHR-based setting) have been found to be inadequate, the recent literature has seen a number of important advances to address these challenges, including methods that facilitate the coding and classification of text-based notes, 37, 38 methods for record linkage in the absence of unique patient identifiers, 39, 40 and methods for the control of confounding bias. [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] Common throughout this recent literature is the general philosophy that one should make use of as much of the available information in the EHR as possible. This clearly has appeal in the sense that information is not thrown away and, presumably, statistical efficiency and power are maximized. As researchers grapple with selection bias, however, application of this philosophy has two important drawbacks, both of which are exemplified by Figure 1 . First, because EHR systems are typically designed to support clinical and/or billing activities, not with any specific research agenda in mind, the standard notions of "complete" or "missing" data do not have well-defined meanings; these notions only have meaning with respect to some data structure that is (typically) pre-specified by the study design. Second, given the complexity and heterogeneity of EHR data, making use of all of the available information will likely require the development and fit of large, complex models-the components of which may be poorly identified. Consider, for example, the challenging task of accurately modeling the underlying weight trajectories of all 8,631 patients in the antidepressants study who have complete baseline weight values. To resolve these challenges, we have proposed a new general framework for addressing selection bias in EHR-based settings. Central to the framework are two key principles that explicitly address the drawbacks of the standard philosophy: (1) the analysis is grounded in some pre-specified ideal study, and (2) the data provenance, which is the process that gives rise to the available EHR data, is decomposed into a series of manageable components. This, we believe, represents a fundamental shift in how selection bias is addressed in EHR-based studies.
Practically, the proposed framework enjoys numerous important benefits. First, it provides focus in the elicitation process during which researchers consult with subject-matter experts on reasons and determinants of completeness. This may be particularly useful if the sub-mechanisms interact in such a way that if a particular event has not occurred then whether or not a subsequent event occurs is deterministic (e.g., a patient cannot have a weight measurement recorded if there was no encounter with the clinical system). Second, it provides flexibility in that the various sub-mechanisms may not be driven by the same set of covariates. In Table  1 , for example, there is strong evidence that all four covariates are associated with sub-mechanism 2 but not necessarily with sub-mechanisms 1 and 3. Third, it provides flexibility in that any given covariate may have differential effects across sub-mechanisms. In Table 1 , patients treated with an SSRI are estimated to have lower odds of being actively enrolled at 24 months compared to those treated with fluoxetine (OR 0.87) and having a weight measurement at 24 months (OR 0.79) but higher odds of initiating an encounter at 24 months (OR 1.08). Fourth, the decomposition of observance into a series of sub-mechanisms provides a clearer framing for consideration of critical assumptions. Specifically, after consulting with subject-matter experts, one may find that the MAR assumption is reasonable for some sub-mechanisms but not others. This, in turn, provides researchers with the ability to target sensitivity analyses specifically to those submechanisms for which MNAR is suspected. 22, 41 Notwithstanding these benefits, implementing the proposed framework in any given CER study is not without challenges. Specifically, as mentioned, the framework is not prescriptive, in the sense that no single implementation will be adequate for all EHR-based studies. While Figure 2(b) is, arguably, a reasonable step forward from Figure 2 (a), it could not be used as a general template. In this sense, the proposed framework requires researchers to make a series of potentially challenging decisions including the specification of the ideal study, the specification of potential sub-mechanisms relevant to the EHR system, and the specification of covariates that may influence the collection of sub-mechanisms. These tasks will typically be nontrivial, although the use of flow diagrams analogous to those in Figure  2 may be useful during the elicitation process as well as during modeling and sensitivity analyses. To further aid these tasks we are developing a suite of data-driven strategies, analogous to those recently developed for confounding bias, 13, 20 that combine clinical knowledge with model selection methods [42] [43] [44] to identify relevant sub-mechanisms and their determinants.
Several features of the antidepressants application, as presented, are also worth noting. First, we chose to illustrate the framework in the context of a scientific question for which the appropriate analysis is an intent-to-treat analysis. Such questions clearly have clinical value, although they do not address important aspects of the relationship between treatment choice and 24-month weight change, including the potential impact of stopping treatment or treatment switching for which an appropriately adjusted as-treated analysis would be more appropriate. Furthermore, the intent-to-treat analysis does not consider the impact of intermediate events such as the resolution of the initial treatment episode. For each of these alternative scientific questions, however, the proposed framework could readily be applied. Second, to simply the development we restricted attention to patients with at least two years of potential follow-up (i.e., we only included patients with a new treatment episode prior to November 2007). An alternative would have been to include all patients who initiated a treatment episode prior to November 2009 and used survival analysis as a means to exploring enrollment status at 24 months while accommodating censoring. Finally, we considered only select baseline covariates for inclusion in the models in Table 1 . In reality, it is likely that each of the sub-mechanisms will depend on patient characteristics that evolve over time. In principle, as with treatment changes over time, one could readily fold consideration of these covariates and the relevant timing of their measurement into the ideal study and sub-mechanism specification of the proposed framework.
Finally, while understanding mechanisms and consideration of assumptions is a necessary first task in any analysis involving missing data, ultimately the most important question is whether or not the additional effort required by the proposed framework makes a difference in the overall study results and conclusions. To answer this, statistical analysis methods must be aligned with the proposed framework. One approach to doing so could be to adapt existing methods based on inverse-probability weighting. In the context of Figure 2 , rather than reweighting the main analyses by the inverse of P(S=1) (i.e., the fitted values from a model based on a single mechanism) one could reweight by the inverse of P(S1=1,S2=1,S3=1)=P(S1=1)xP(S2=1|S1=1) xP(S3=1|S1=1,S2=1), where each of the latter three components are taken as the fitted values from submechanism-specific regression models (i.e., those in Table 1 ). Interestingly, for the antidepressants study these two sets of sampling weights do not differ substantially (see Figure 5 ). As such, although details are not shown, primary results for the main analyses investigating the association between choice of treatment and body weight change at 24 months do not differ substantively. Clearly this will not be the case for all EHR-based studies, although the fact that it is the case in the antidepressants study raises an important question regarding whether a penalty is paid for using an unnecessarily complex analysis. That is, is there a loss of efficiency when the observance mechanism is overspecified? When coupled with the potential for bias when the observance mechanism is underspecified, a potential bias-variance trade-off arises. Understanding this trade-off and providing practical guidance is an avenue of research that we are actively pursuing. 
